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ABSTRACT 
This dissertation presents an in-depth investigation of the S&P 500 pre-market futures 
predictive power on its underlying index. At the outset, this research develops an information 
diffusion model of market-to-firm information flow on an intraday futures and index trading 
framework. This model incorporates fundamental and myopic traders with irrational expectations 
and generates momentum and reversal in return covariance. The market equilibrium leads to a 
theoretical proposition that the overnight returns on the futures market will predict next day spot 
index movements. The analysis theoretically implies that the information spillover strengthens at 
the spot opening, and the level of market uncertainty is negatively correlated with the strength of 
price linkage. 
The subsequent chapter empirically tests this proposition utilizing a modified vector 
autoregressive model with thirty-five intraday S&P 500 returns. The results evidently validate 
that the S&P 500 pre-market futures returns are positively correlated to the index returns on the 
spot opening as well as across the entire regular trading session. Additionally, the spillover size 
increases as the futures corresponding return intervals become narrower and closer to the spot 
opening. 
This research introduces several signal trading strategies to demonstrate the usefulness of 
the pre-market futures predictive power. The backtesting locates several pre-market signals that 
outperform the index benchmark. Consistent with the aforementioned discoveries, the drawdown 
analysis finds that the magnitude of information spillover is more pronounced when market 




CHAPTER 1.    INTRODUCTION 
This dissertation investigates the predictive power of pre-market futures contract on its 
underlying index for the S&P 500. The stock index futures contract, first introduced by the 
Kansas City Board of Trade in 1982, legally binds two parties to an agreed value for an 
underlying index at a predetermined future date. In the same year, the Chicago Mercantile 
Exchange launched a futures contract on the S&P 500, one of the most representative stock 
indices. Its E-mini version was later created in 1997 as the regular contract became too expensive 
for smaller investors. To this day, the S&P 500 E-mini futures contract stands as the most liquid 
futures contract in the world. The advent of the stock index futures contract has profoundly 
influenced trading behavior and consequently inspired numerous studies. One important strand 
ties to the lead-lag relationship between futures and index. Abundant empirical evidence from 
the price discovery literature supports the usefulness of futures predictive power. However, the 
common approach of using overlapping periods between futures and index creates the possibility 
of abridging the information flow. The question of whether such information spillover exists 
within a nonsimultaneous time setting has not been investigated. This research aims to shed new 
light on the pre-market futures predictive power by developing a theoretical information 
diffusion model, examining the futures-to-spot spillover using intraday S&P 500 data, and 
empirically exploring this information advantage in the pre-market futures market. 
The S&P 500 futures contract trades almost continuously. However, the stock market that 
underpins this futures market is open for a limited time each day. This research asks if the 
overnight futures market contains information about how the spot market will perform once it 
opens. Given the existing literature on the predictive ability of futures markets, one might expect 
that overnight traders have the ability to anticipate developments in the spot market. This might 
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occur, for example, if overnight futures traders incorporate macroeconomic trends that then work 
their way into individual stock prices once the spot market is open. The findings in this research 
suggest that this is the case, and therefore I further explore this relationship to determine if 
predictive futures markets lead to a violation of weak-form efficiency. 
The overnight futures might lead the daytime spot in two possible ways. The overnight 
futures may act as a repository for information that accumulates while the spot is closed, and the 
spot could quickly incorporate this information when it opens. This would happen if program 
traders brought the two markets into convergence as soon as both are trading simultaneously. A 
second possibility is that the information flow is more gradual and that it continues after this 
initial convergence. To investigate the second type of information flow, this research examines 
the predictive ability of the overnight futures on intraday spot returns after the first few minutes 
of spot trading. 
One criticism of the information spillover research is that its empirical approach often 
lacks a clear economic foundation. Many studies have found diversified spillover results without 
a consensus explanation. While it is difficult to explain such divergence from a traditional 
economic viewpoint, a noteworthy strand of theoretical work in behavioral finance and 
information theory is shown to reconcile better with empirical facts, as the psychologically 
infused models can capture a broader range of economic behavior. For example, irrational 
expectations generated from psychological behavior such as overconfidence and underreaction 
could provide additional insights into the traditional framework of informed and uninformed 
investors. The theoretical groundwork in this research is motivated by such innovative 
categorization for both traders and news.  
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In Chapter 3, this research develops an information diffusion model to incorporate 
market-to-firm information flow, where the S&P 500 futures traders use market-level 
information that is available before the spot opening and the stock traders use firm-level 
information that only becomes effective during the regular trading session. When the market-
level information slowly disseminates into each stock, the pre-market futures movements 
consequently predict the spot index returns because the information diffusion takes time while 
the index instantly reflects the aggregated stock prices. This framework is built upon the 
irrational expectations of fundamental traders and myopic traders. The spillover dynamic is 
integrated with momentum effect, reversal effect, and market uncertainty. As the market-to-firm 
information flow forms a strong continuum through the return momentum and causes the 
spillover to gradually and persistently disseminate, a positive correlation between the pre-market 
futures returns and the index returns exists across the entire spot trading session. This leads to a 
theoretical proposition that overnight returns on the futures market will predict next day spot 
price movements. Meanwhile, this positive spillover does not necessarily hold between smaller 
adjacent periods, as market uncertainty plays a decisive role in determining the magnitude and 
the direction of the return linkage. When market uncertainty is high, a reversal effect can exceed 
the momentum effect and cause temporary negative spillover. 
This information diffusion process is empirically examined in Chapter 4 by an intraday 
spillover analysis. To the best of the author’s knowledge, this research is the first to use non-
overlapping data within the same market to explore information transmission from futures to 
spot. A modified vector autoregression (VAR) is used to capture the return spillover from the 
pre-market futures to the daytime spot index. I find unambiguous evidence of futures-to-spot 
return spillover wherein the pre-market futures movement leads the daytime spot market. The 
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results show that futures returns between 9:15 a.m. and 9:30 a.m. have a positive spillover effect 
of 1.49 on daytime spot returns between 9:30 a.m. and 4:00 p.m., suggesting that a 1% change in 
the futures returns during the 15-minute pre-market interval leads to a 1.49% change in the 
daytime spot return in the same direction. Across twelve pre-market intervals, the return 
spillover size is larger when its corresponding pre-market interval is narrower and closer to the 
spot opening. I also use 1-minute spot data to inspect the intraday behavior of the futures-to-spot 
spillover and find that the futures predictive power exists in the first ten minutes of spot opening 
as well as for the rest of the spot trading hours. 
The presence of the pre-market futures predictive ability indicates the information 
advantage of utilizing it as a trading signal. Technical analytics for several signal trading 
strategies are provided in Chapter 5. Backtesting suggests that the best strategy outperforms the 
index return by 12.91% annually from 2011 to 2017. A further investigation of the strategies’ 
drawdowns shows that the magnitude of futures-to-spot spillover is less pronounced when 
market volatility is higher. 
The remainder of this dissertation proceeds as follows. Chapter 2 provides a literature 
review. Chapter 3 presents the information diffusion model. Chapter 4 empirically identifies the 
futures-to-spot spillover using the S&P 500 intraday data. Chapter 5 provides technical analytics 




CHAPTER 2.    LITERATURE REVIEW 
In view of traditional economic theory, the predictive power generated by the lead-lag 
relationship contends the efficient market hypothesis. The temporal mispricing challenges the 
weak-form efficient market hypothesis as the historical prices are not supposed to predict future 
prices (Fama, 1970). Early theoretical work attempted to interpret this anomaly by modeling a 
market equilibrium where only certain types of traders know the true distribution of market 
information. Kihlstrom and Mirman (1975) studied information transmission in the spot market 
based on a Bayesian expectation hypothesis. They showed that it is possible for uninformed 
traders to deduce inside knowledge as information accumulates through the equilibrium price. 
Grossman (1977) first acknowledged the information role of futures markets in which the correct 
information spreads from informed firms to uninformed firms. When only a portion of the 
information is transmitted, a difference in expectations is formed among traders. His model 
showed that the profits from acquiring inside information create an incentive for developing a 
futures market. Also, the size of such profits is positively related to predictive ability. Grossman 
(1976, 1978) further investigated the market’s ability to aggregate and disseminate information 
by including different types of informed traders and risky assets. He showed that an 
informationally efficient market can perfectly assimilate diversified information. Grossman and 
Stiglitz (1980) challenged the efficient market hypothesis by discussing a fundamental conflict 
between the informative market and the incentive for acquiring information. They modeled a 
competitive equilibrium between the informed and uninformed traders. In an equilibrium where 
the traders can choose to become informed by acquiring information at a finite cost, a paradox 
exists that the equilibrium itself cannot persist because the informed traders cause the 
equilibrium price to reflect such information to the free riders, which in turn removes the 
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incentive for becoming informed. Their research implied the impossibility of strong-form 
efficiency because the asset price cannot be perfectly informative. Kyle (1985) suggested that the 
market prices will eventually reflect all private information through a speculative trading model. 
The inside investor profits from private information while the noise traders camouflage insider 
trading from competitive market makers. 
The research direction diversified following the early work. One strand aims to study the 
constraints on information learning capacity. Peng (2005) studied the process of information 
learning endogenously with a continuous-time equilibrium where the agents face a cross-
sectional structure of information and optimize their capacity allocation to minimize the wealth 
uncertainty. The results suggested that large-cap stocks are more informative than small-cap 
stocks because large-cap stocks supply more information, attract more learning capacity 
allocation, have a faster speed for absorbing shocks, and cause less volatility to exogenous news. 
Peng and Xiong (2006) extended this direction and found that investor’s limited attention leads 
to categorized learning behavior. They built a model where the learning capacity is limited each 
period. The investors optimize their learning allocation for market-level information rather than 
firm-level information to maximize lifetime utility. Their findings showed consistency with 
existing empirical results that are difficult to explain by rational expectation models. Both papers 
innovate in imposing attention constraints and using the concept of entropy reduction to 
represent information processing. 
There has been a rapid development in behavioral finance as psychology-based models 
tend to reconcile better with empirical discovery than the traditional framework. As one of the 
first modern behavioral finance studies, Shiller (1981) used a volatility test to investigate the 
stock price fluctuation that cannot be explained by rational expectation models. De Bondt and 
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Thaler (1985) studied the overreaction behavior in stock prices to analyze market inefficiency. 
They found that a portfolio with large historical losses outperforms its counterparts over the next 
three years, indicating a subsequent reversal caused by overreaction. Slezak (1994) studied the 
security returns using a multiperiod model with a linear information flow. Based on various 
psychological evidence, Barberis, Shleifer, and Vishny (1998) studied the behavior of 
underreaction and overreaction to market news. Their parsimonious model is built on a 
probability regime-switching framework with different sentiment types, and it aligns well with 
real-world data. Hong and Stein (1999) investigated similar sentimental behavior by 
incorporating gradual information diffusion. They found that stocks tend to experience short-
term momentum and long-term reversal when information diffusion is slow. Slezak (2003) 
extended the previous study by modeling the trading equilibrium with irrational expectations, 
which lead to momentum and reversals in asset prices. His model suggested that it is possible to 
violate weak-form market efficiency when the prices persistently show predictability. Barberis 
(2018) provided a complete review of the extrapolation model, the overconfident-belief model, 
and the gain-loss utility from prospect theory. He discussed the effects of psychological 
assumptions on asset pricing and trading volume. 
Early studies have empirically supported the futures information advantage in the 
commodity market. Just and Rausser (1981) compared the forecasting accuracy of commodity 
futures against the econometric models used by major agribusiness companies. They found 
evidence that the futures prices are better at predicting spot prices than econometric models for 
some commodities, and the prediction accuracy is related to market volatility. French (1986) 
investigated the commodity futures predictive ability while focusing on production seasonality 
and storage cost. He found consistent futures-to-spot predictive power in animal and agricultural 
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products. Kellard et al. (1999) evaluated the forecasting ability of commodity futures by 
measuring market inefficiency. Their results suggested a long-term cointegration between the 
futures and spot markets. They also showed that the futures market leads the cash market for 
most commodities in the short-term. 
Empirical literature related to price discovery between the futures and index markets has 
been rapidly developing. Flemming, Ostdiek, and Whaley (1996) proposed a trading cost 
hypothesis, which suggests that price discovery occurs first in the lowest-cost market. They 
argued that futures should lead the spot index because the cost of trading the S&P 500 futures is 
much lower than the cost of trading an equivalent stock portfolio. They found supporting 
evidence by applying an error correction model to analyze the simultaneous 5-minute futures-to-
spot returns. Kawaller, Koch, and Koch (1987a) found empirical evidence of a temporal 
relationship between the S&P 500 futures and index. Kawaller, Koch, and Koch (1987b) used 
minute-by-minute data to examine this relationship using a three-stage least squares estimation. 
They found that the futures returns lead the spot returns by 20 to 45 minutes, while the spot 
returns lead the futures returns by no more than one minute. Stoll and Whaley (1990) used the 
intraday data for the S&P 500 and the Major Market Index to estimate their temporal 
relationship. They found that the futures market leads the spot market by 5 to 10 minutes while 
the spot returns also lead the futures returns. Chan (1992) empirically studied the Major Market 
Index and the S&P 500 market using 5-minute data and found a unidirectional relationship where 
futures returns have a dominant influence over the spot returns. He also stated that utilizing data 
with infrequent trading could lead to a spurious lead-lag relationship. Dwyer, Locke, and Yu 
(1996) employed a threshold error correction model allowing for arbitrage with transaction cost. 
They analyzed the minute-by-minute lead-lag transmission between the S&P 500 futures and 
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index markets. They discovered a nonlinear dynamic relationship where price convergence could 
take up to 15 minutes, and its speed depends on the profitability of arbitrage. Tse (1999) 
investigated the price discovery and volatility spillover in the Dow Jones Industrial Average 
futures and index markets. The results suggested a dominant role of the futures market in price 
discovery with an 88.3% information share, largely due to futures leverage advantage and low 
trading cost. Zhou and Wu (2014) studied the Chinese CSI 300 market in its development and 
maturity stages. They used 5-minute data and found that the futures market dominates the return 
spillover. 
The discovery of temporal mispricing leads to emerging research in trading strategies. 
Fong, Si, and Tai (2012) evaluated the trading algorithms based on trend following. They 
showed that an existing trend can be identified as a day trading signal and outperforms 
traditional trading techniques. They also suggested that market volatility can significantly impact 
the profitability of trend following strategies. Chen (2013) found robust evidence in the Taiwan 
stock market, where the first 10-minute returns in spot index can serve as a directional signal for 
trading on the futures market. Chen and Maher (2013) found that the large trading positions in 
the S&P 500 futures can help predict the S&P 500 index performance. This information 
advantage is discovered in large-scale commercial firms and high-frequency hedge funds. Also, 
the predictive power depends on the state of the market. 
To the extent that I can determine, the empirical literature on stock futures cited above all 
used overlapping data. For example, Chan (1992) confined intraday futures data to the spot 
trading hours. Tse (1999) used futures and cash data with contemporaneous trading hours for the 
Dow Jones Industrial Average. Zhou and Wu (2014) eliminated non-overlapping data for the 
Chinese CSI 300 futures and spot index. Researchers have used non-overlapping data in 
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analyzing cross-country information transmission but not in futures studies. Lin and Tamvakis 
(2001) studied crude oil price discovery in both the simultaneous and non-overlapping trading 
hours between the New York Mercantile Exchange and London’s International Petroleum 
Exchange. Gannon (2005) investigated the spillover between the S&P 500 and the Hong Kong 
stock markets on non-overlapping time zones. Liu and An (2011) employed both overlapping 
and non-overlapping trading information to study price spillover for copper and soybean between 
the U.S. and China. These studies used non-overlapping data because the targeting markets are in 
different time zones. The focal point of this research is different because it investigates 
information transfer within the same market using only futures trades in the pre-market session. 
This research utilizes a nonsimultaneous setting and is the first to investigate the overnight 




CHAPTER 3.    INFORMATION DIFFUSION MODEL 
In this chapter, I build an information diffusion model incorporating information flow 
from market-level news to firm-level news. This model builds on previous studies relating to 
linear information flow and categorized information learning (Slezak, 1994; Slezak, 2003; Peng, 
2005; Peng and Xiong, 2006). It innovates in building a nonsimultaneous intraday economy that 
horizontally separates the pre-market futures and the spot index. This model incorporates 
irrational traders who form fundamental and myopic expectations based on different information 
learning behavior, which in turn reflects the equilibrium price and ultimately leads to a 
theoretical proposition that the pre-market futures return predicts the spot index return over the 
entire regular trading session. In this process, the return covariance between small adjacent 
periods captures momentum and reversal dynamics, suggesting the strength of information 
linkage is affected by factors such as market uncertainty and information correlation. 
3.1 Model Design 
3.1.1 Information Flow 
This section sets up the framework by introducing an intraday economy with two risky 
assets: the futures contract and its underlying index. The model assumes zero trading cost and no 
day trading restriction. The assumption of zero trading cost aligns with the real-world trend 
where many brokers charge zero or minimum commissions due to competition from electronic 
trading platforms. The day trading restriction is imposed by the Financial Industry Regulatory 
Authority. It requires that the pattern day trader, who makes more than three day trades in five 
business days providing the number of trades is more than 6% of the total trades during the same 
period, maintains a minimum equity balance of $25,000. In practice, it is reasonable to assume 
that most active day traders meet this requirement. 
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 Within a trading day, the timeline is 𝑡 = 1,2, … , 𝑁, 𝑁 + 1, … , 𝑁 + 𝑇 and 𝑡 = 𝑁 + 1 is 
the spot opening. Thus, the pre-market session covers the first 𝑁 periods, and the regular trading 
session covers the next 𝑇 periods. Only the futures market trades during 1 ≤ 𝑡 ≤ 𝑁, and both the 
futures and the index can trade during 𝑁 + 1 ≤ 𝑡 ≤ 𝑁 + 𝑇. This model uses a discrete timeline 
to linearly distinguish the pre-market session and the regular trading session. 
This model incorporates market-level information 𝑀𝑡 and the aggregated firm-level 
information 𝑚𝑡 = ∑ 𝕞𝑡,𝑖
500
𝑖=1 , which are publicly revealed at time 𝑡. 𝕞𝑡 is the individual firm 
information and there are 500 firms in the S&P 500. I characterize the value function and 
information dynamics as follows, 
𝑉𝑁+𝑇 = 𝑉0 + 𝑀1 + 𝑀2 + ⋯ + 𝑀𝑁 + 𝑀𝑁+1 + ∑ 𝕞𝑁+1,𝑖
500
𝑖=1 + 𝑀𝑁+2 + ∑ 𝕞𝑁+2,𝑖
500
𝑖=1 +
⋯ + 𝑀𝑁+𝑇 + ∑ 𝕞𝑁+𝑇,𝑖
500
𝑖=1 = 𝑉0 + ∑ 𝑀𝑡
𝑁+𝑇
𝑡=1 + ∑ 𝑚𝑡𝐼𝑡≥𝑁+1
𝑁+𝑇
𝑡=1 , 1 ≤ 𝑡 ≤ 𝑁 + 𝑇, 
(1) 
𝑀𝑡~𝑖. 𝑑. 𝑁(0, 𝜎𝑀𝑡
2 ), (2) 
𝕞𝑡,𝑖~𝑖. 𝑑. 𝑁(0, 𝜎𝕞𝑡,𝑖
2 ), 𝜎𝕞
2 << 𝜎𝑀
2 , (3) 
𝑚𝑡~𝑖. 𝑑. 𝑁(0, 𝜎𝑚𝑡
2 ), 𝜎𝑚𝑡
2 = ∑ 𝜎𝕞𝑡
2500
𝑖=1 , (4) 
𝐶𝑜𝑣(𝑀𝑡, 𝑚𝑡) = 0, (5) 
𝐶𝑜𝑣(𝑀𝑡, 𝑚𝑡+𝜏) = {
0
𝜅𝑡,𝜏
    
1 ≤ 𝑡 ≤ 𝑁 − 𝜏
𝑁 + 1 − 𝜏 ≤ 𝑡 ≤ 𝑁 + 𝑇 − 1
, 𝜏 > 0. (6) 
In equation (1), the intrinsic terminal index value 𝑉𝑁+𝑇 is determined by an initial value 
𝑉0 and the aggregation of market information and firm information. The indicator function 
𝐼𝑡≥𝑁+1 conditions that there is no index trading before the spot opening. The model assumes that 
each type of information is independently and normally distributed, and their variances are state-
dependent, as shown in equations (2) – (4). The market-to-firm information diffusion is shown in 
(5) and (6). The market information 𝑀𝑡 takes τ periods to disseminate into the firm information 
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𝑚𝑡+𝜏. This relationship is represented by the covariance 𝜅𝑡,𝜏. As the information diffusion takes 
time, the two types of information do not affect each other in any contemporary period. The 
assumption of the market-to-firm information delay reasonably concurs with real-world 
observations. For example, early news of theater closure due to a global pandemic can boost the 
outlook for streaming services in a later trading session. The announcement of phasing out 
gasoline engine vehicles in California subsequently leads to an updated projection of electric car 
sales. 
Ω𝑡 ≡ {∑ 𝑀𝑗
𝑡
𝑗=1 , ∑ 𝑚𝑗𝐼𝑗≥𝑁+1
𝑡
𝑗=1 } ≡ {𝜃𝑡|𝜃𝑡−1, 𝑀𝑡 , 𝑚𝑡𝐼𝑡≥𝑁+1} (7) 
𝜃𝑡 = 𝜃𝑡−1 + 𝑀𝑡 + 𝑚𝑡𝐼𝑡≥𝑁+1 (8) 
I define the information set in equations (7) and (8). The formal definition of information 
flow is measure by 𝜎-algebra (ℱ𝑡)𝑡∈ℝ+ where ℱ𝑡 represents the increasing flow of information 
generated by countable events {𝐸𝑠: 0 ≤ 𝑠 ≤ 𝑡}, which is defined by {𝐸𝑡0 ≤ 𝑎0, 𝐸𝑡1 ≤
𝑎1, … , 𝐸𝑡𝑛 ≤ 𝑎𝑛} and 0 ≤ 𝑡0 < 𝑡1 < ⋯ < 𝑡𝑛 < 𝑡. (ℱ𝑡)𝑡∈ℝ+ is an increasing and closed-form of 
𝜎-algebra such that ℱ𝑠 ⊂ ℱ𝑡 when 0 ≤ 𝑠 ≤ 𝑡. I denote the information set as Ω𝑡 in (7), which 
consists of all past information 𝜃𝑡−1 and current information 𝜃𝑡 by time 𝑡. Each period, the new 
information is measured by 𝜃𝑡 − 𝜃𝑡−1 as the traders observe the current information 𝜃𝑡 follows 
equation (8). This process formally defines the information flow in the model. 
3.1.2 Traders 
This model assumes two types of traders: fundamental traders and myopic traders. Recall 
that the intrinsic value function in (1) is not observable to traders because the true distribution of 
future information is unknown. Meanwhile, traders have the ability to predict unknown 
information. At time 𝑡, each type of traders differs in their belief about the next period’s 
information while they share the same public information: traders of type 𝑖 form a conditional 
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expectation for the next period’s index value based on current information, as shown in 
equations (9) – (11): 
𝐸𝑡
𝑖{𝑉𝑡+1|Ω𝑡} = 𝜃𝑡 + 𝐸𝑡
𝑖{𝜃𝑡+1 − 𝜃𝑡|Ω𝑡} (9) 
𝐸𝑡
𝐹𝐷{𝜃𝑡+1 − 𝜃𝑡|Ω𝑡} = {
𝑀𝑡+1 + 𝜀𝑡
𝑀𝑡+1 + 𝑚𝑡+1 + 𝜀𝑡
     
 1 ≤ 𝑡 ≤ 𝑁 − 1
 𝑁 ≤ 𝑡 ≤ 𝑁 + 𝑇 − 1
 (10) 
𝐸𝑡
𝑀𝑌{𝜃𝑡+1 − 𝜃𝑡|Ω𝑡} = {
𝑀𝑡
𝑀𝑡 + 𝑚𝑡
     
 1 ≤ 𝑡 ≤ 𝑁
 𝑁 + 1 ≤ 𝑡 ≤ 𝑁 + 𝑇 − 1
 
(11) 
where the superscript 𝐹𝐷 and 𝑀𝑌 denotes the fundamental type and myopic type, respectively. 
In (10), I assume that the fundamental traders are equipped with better knowledge about the 
future information flow, thus can predict the next period’s information with a small error 𝜀𝑡 that 
represents the market uncertainty at time 𝑡. In (11), I assume that the myopic traders have limited 
knowledge and simply form an information expectation based on the current information. Both 
types are irrational in the sense that their prediction errors are correlated with their forecasts. 
Details are relegated to Appendix A.1. Irrationality in this process implies that traders make 
decisions based on their idiosyncratic beliefs rather than maximizing the true intrinsic value. This 
also concurs with the possibility of temporal mispricing as the market deviates from efficiency. 
Equations (9) – (11) formally define the information learning process. It is crucial to include 
more than one type of traders because the interaction between different expectations generates 
the return dynamic that can reasonably imitate real-world observations. Information from 
different periods is incorporated into the current learning process, which ultimately impacts the 
price function discussed in the next section. 
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3.1.3 Price Function 
The futures price is a continuum to the spot index outside the regular trading session. In 
reality, index arbitrage guarantees that the futures price and spot index always converge. The 








𝑠 are the futures and spot index prices, respectively; 𝑟 is the risk-free rate of 
return; 𝑞 is the dividend yield rate; and 𝑇𝑀 is the time till futures contract maturity. Note that the 
dividend yield averages approximately 1.97% between 2009 to 2019 for the S&P 500. For a 3% 
interest rate and a 3-month contract, 𝑒(0.03−0.0197)×0.25 ≈ 1.003. Thus, 𝑃𝑡
𝑓
≈ 𝑃𝑡
𝑠 for the S&P 
500. Furthermore, this model assumes that the traders have no preference between trading the 
S&P 500 futures or index when they are both available. This assumption unifies the superscripts 








   𝑖𝑓 
1 ≤ 𝑡 ≤ 𝑁
𝑁 + 1 ≤ 𝑡 ≤ 𝑁 + 𝑇
 (13) 
Note that 𝑃𝑡 is not equal to the unobservable intrinsic value 𝑉𝑡 in equation (1). Instead, 𝑃𝑡 
is determined by the market-clearing equilibrium based on the interaction between fundamental 
traders and myopic traders. At each moment, the equity price is directly determined by the 
trader’s bid and ask prices. Traders place these prices based on their individual beliefs, which is 
an idiosyncratic learning process of the accumulated information described in Section 3.1.2. I 
conjecture the reduced form for the market equilibrium price 𝑃𝑡 for both types of traders in 
equation (14) as their true belief is unknown to us. In (14), the trader believes the current price 
depends on the public information, an idiosyncratic expectation for the next period’s 
information, and the market uncertainty: 
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   𝑖𝑓 
1 ≤ 𝑡 ≤ 𝑁 − 1
𝑁 ≤ 𝑡 ≤ 𝑁 + 𝑇
 
(14) 
𝑅𝑡+1 = 𝑃𝑡+1 − 𝑃𝑡 (15) 
where 𝜃𝑡 represents all public information; 𝛽𝑡
𝑀 and 𝛽𝑡
𝑚 are the information coefficients for 
market information and firm information, respectively. They represent a measurement of how the 
trader’s expectation for future information directly influences the market price. 𝛽𝑡
𝜀𝜀𝑡 is the noise 
term presenting market uncertainty where a coefficient 𝛽𝑡
𝜀 is added to differentiate the 
expectation weights between market information and market uncertainty. Equation (14) shows 
the process of traders incorporating information and market uncertainty into market prices. 
Equation (15) calculates the price return between the adjacent periods. This process completes 
the model setup in which the intrinsic value, information flow, information learning, and price 
functions are all formally defined. 
3.2 Theoretical Analysis 
3.2.1 Market Equilibrium 
The market equilibrium is defined in equations (16) – (20). For trader type 𝑖, I assume a 
constant absolute risk aversion utility function (16) and standard wealth function (17). This 
ensures the investment decision is invariant to the wealth level as this model does not distinguish 




𝑖{𝑈𝑖[𝑊𝑡+1]} in (18) and 
derive the optimal demand function in (19). Equation (20) is the market-clearing condition. 
𝑈𝑖[𝑊𝑡+1] = −𝑒
−𝑎𝑖𝑊𝑡+1 (16) 
𝑊𝑡+1 = 𝑊𝑡 + 𝑋𝑡































𝑀𝑌 = 𝑄 (20) 
where 𝑄 is the supply of risky assets. 𝑁𝑡
𝑖 denotes the fraction of each type of traders. In this 
equilibrium, the range of the information coefficients can be derived. 
Lemma 1. The information coefficients satisfy 0 < 𝛽𝑡
𝑀 < 1 and 0 < 𝛽𝑡
𝑚 < 1. 
Proof. Based on the intraday economy in this model, this lemma is proved in four 
intervals 1 ≤ 𝑡 ≤ 𝑁 − 2, 𝑡 = 𝑁 − 1, 𝑡 = 𝑁, and 𝑁 + 1 ≤ 𝑡 ≤ 𝑁 + 𝑇 − 1 as the information 
learning process and price function behave differently across time. Given the demand function in 
equation (19) and market-clearing condition in equation (20), I solve for the information 
coefficients 𝛽𝑡
𝑀 and 𝛽𝑡
𝑚 by substituting in (10), (11), and (14). 
For 1 ≤ 𝑡 ≤ 𝑁 − 2, combine (14) and (19) with the assumption of zero means for the 











𝑀 𝑀𝑡+2 + 𝛽𝑡+1










































𝑀 𝑀𝑡+2 + 𝛽𝑡+1

















































































2  (27) 
Equations (25) and (26) show that the coefficients of information and market uncertainty 
are not correlated to themselves across time. This process derives the range for the information 
coefficient 0 < 𝛽𝑡
𝑀 < 1 in equation (28) because 0 < 𝑁𝑡

















The rest of the proof follows similar steps and is shown in Appendix A.2. Equation (29) 
















Recall that the information coefficients represent the trader’s expectation for future 
information. Lemma 1 shows two implications. First, the terms 𝛽𝑡
𝑀𝑀𝑡+1 and 𝛽𝑡
𝑚𝑚𝑡+1 indicate 
that the traders underestimate the true magnitude of the forthcoming information because 0 <
𝛽𝑡
𝑀 < 1 and 0 < 𝛽𝑡
𝑚 < 1. This appears to suggest a unidirectional underreaction. However, the 
market uncertainty term 𝛽𝑡
𝜀𝜀𝑡 makes it possible for the market price to compensate for this 
underestimation depending on the magnitude of market uncertainty. For a large 𝛽𝑡
𝜀𝜀𝑡 value, it is 
possible for the market price 𝜃𝑡 + 𝛽𝑡
𝑀𝑀𝑡+1 + 𝛽𝑡
𝑚𝑚𝑡+1 + 𝛽𝑡
𝜀𝜀𝑡 to exceed the true intrinsic 
information value 𝜃𝑡 + 𝑀𝑡+1 + 𝑚𝑡+1. Therefore, the information learning process ensures that 
the market price can fluctuate above and below the intrinsic value depending on the model 
variables. 
For each period, the magnitude of information coefficients is the same for market 
information 𝑀𝑡 and the aggregation of firm information represented by 𝑚𝑡. This magnitude 
could change across periods because 𝜎𝑀𝑡
2  and 𝜎𝑚𝑡
2  are state-dependent. This indicates that the 
traders apply equal weights to market information and the aggregate firm information each 
period in their learning process, reasonably suggesting that traders are unbiased between trading 
the futures and the index as this model does not consider factors, such as trading leverage and 
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entry requirement, that can potentially diversify the trading preference. Meanwhile, this model 
focuses on the availability of information as firm information only becomes effective after the 
spot opening. The learning process is state-dependent and is subject to the market-to-firm 
information dissemination characteristics. 
3.2.2 Pre-market Futures Predictive Power 
Lemma 1 is important for evaluating the pre-market futures predictive ability. This 
section analyzes the predictive power by computing the return covariance 𝐶𝑜𝑣(𝑃𝑁 −
𝑃𝑁−𝑖 , 𝑃𝑁+𝑇 − 𝑃𝑁+𝑇−𝑗) where 1 ≤ 𝑖 ≤ 𝑁 − 1 and 1 ≤ 𝑗 ≤ 𝑇 − 1. Equations (30) and (31) 
calculate the return of pre-market futures and the return of spot index, respectively. I trivially 
assume that there exists extended information 𝑀𝑁+𝑇+1 and 𝑚𝑁+𝑇+1 beyond the last period 𝑁 +
𝑇. This ensures the return covariance can be solved across the entire timeline. 





















𝑚 𝑚𝑁+𝑇+1 − 𝛽𝑁+𝑇−𝑗
𝑀 𝑀𝑁+𝑇−𝑗+1 − 𝛽𝑁+𝑇−𝑗





Substitute 𝑖 = 1 into (30), equation (32) measures the return of pre-market futures one 
period prior to the spot opening. Substitute 𝑗 = 𝑇 − 1 into (31), equation (33) measures the index 
return in the entire spot trading session. The calculation for (32) and (33) is listed in Appendix 
A.3. They calculate the return covariance between the pre-market futures and the daytime spot in 
Proposition 1. The choice of 𝑃𝑁 − 𝑃𝑁−1 instead of 𝑃𝑁+1 − 𝑃𝑁 ensures that there is no 
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overlapping time point between the pre-market session and the regular trading session. To this 
step, the pre-market futures predictive power on the index during the entire regular trading 
session can be theoretically derived. 
𝑃𝑁 − 𝑃𝑁−1 = 𝛽𝑁
𝑀𝑀𝑁+1 + 𝛽𝑁
𝑚𝑚𝑁+1 + (1 − 𝛽𝑁−1
𝑀 )𝑀𝑁 + 𝛽𝑁
𝜀 𝜀𝑁 − 𝛽𝑁−1
𝜀 𝜀𝑁−1 (32) 
𝑃𝑁+𝑇 − 𝑃𝑁+1 = (∑ 𝑀𝑙′
𝑁+𝑇
𝑙′=𝑁+2




𝑀 𝑀𝑁+𝑇+1 + 𝛽𝑁+𝑇
𝑚 𝑚𝑁+𝑇+1
− 𝛽𝑁+1
𝑀 𝑀𝑁+2 − 𝛽𝑁+1
𝑚 𝑚𝑁+2 + 𝛽𝑁+𝑇
𝜀 𝜀𝑁+𝑇 − 𝛽𝑁+1
𝜀 𝜀𝑁+1 
(33) 
Proposition 1. When 𝜅𝑡,𝜏 > 0, following equations (2) – (6) and Lemma 1, 𝜏 ≥ 1 is a 
necessary and sufficient condition for 𝐶𝑜𝑣(𝑃𝑁 − 𝑃𝑁−1, 𝑃𝑁+𝑇 − 𝑃𝑁+1) > 0, i.e., the pre-market 
futures predictive power on the spot index during the entire regular trading session holds if and 
only if there exists positive market-to-firm information diffusion. 
Proof. Sufficiency is proved by (34) – (37). This information diffusion process assumes 
that market information 𝑀𝑡 and the aggregated firm information 𝑚𝑡 do not influence each other 
in the contemporary period thus the information delay represented by 𝜏 is greater than 0. For 
completeness, this proof starts from 𝜏 = 0 to illustrate how the return covariance changes over 
the length of information delay. 
According to (32) and (33), the nearest adjacent periods between the information pieces 
in 𝑃𝑁 − 𝑃𝑁−1 and 𝑃𝑁+𝑇 − 𝑃𝑁+1 are 𝑡 = 𝑁 + 1 and 𝑡 = 𝑁 + 2. When 𝜏 = 0, the information 
disseminates in the same period. Therefore, no terms from either period are correlated, as shown 
in (34). 
𝐶𝑜𝑣(𝑃𝑁 − 𝑃𝑁−1, 𝑃𝑁+𝑇 − 𝑃𝑁+1) = 0. (34) 
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For 𝜏 = 1, market information takes one period to affect firm information. Thus, the only 
correlated terms between the pre-market and the spot sessions are from 𝑡 = 𝑁 + 1 and 𝑡 = 𝑁 +
2, as shown in (35). 
𝐶𝑜𝑣(𝑃𝑁 − 𝑃𝑁−1, 𝑃𝑁+𝑇 − 𝑃𝑁+1) = 𝛽𝑁
𝑀(1 − 𝛽𝑁+1
𝑚 )𝜅𝑁+1,1. (35) 
For 𝜏 = 2, market information takes two periods to affect firm information. The 
correlated terms are from 𝑡 = 𝑁 and 𝑡 = 𝑁 + 2, and from 𝑡 = 𝑁 + 1 and 𝑡 = 𝑁 + 3, as shown 
in (36). 
𝐶𝑜𝑣(𝑃𝑁 − 𝑃𝑁−1, 𝑃𝑁+𝑇 − 𝑃𝑁+1) = (1 − 𝛽𝑁−1
𝑀 )(1 − 𝛽𝑁+1
𝑚 )𝜅𝑁,2 + 𝛽𝑁
𝑀𝜅𝑁+1,2. (36) 
For 𝜏 > 2,  the information dissemination takes a longer time, and a similar calculation 
applies. Equation (37) shows the result. 
𝐶𝑜𝑣(𝑃𝑁 − 𝑃𝑁−1, 𝑃𝑁+𝑇 − 𝑃𝑁+1) = (1 − 𝛽𝑁−1
𝑀 )𝜅𝑁,𝜏 + 𝛽𝑁
𝑀𝜅𝑁+1,𝜏. (37) 
Lemma 1 shows that both information coefficients satisfy that 0 < 𝛽𝑡
𝑀 < 1 and 0 <
𝛽𝑡
𝑚 < 1, thus 𝐶𝑜𝑣(𝑃𝑁 − 𝑃𝑁−1, 𝑃𝑁+𝑇 − 𝑃𝑁+1) > 0 in all (34) – (37) when 𝜏 ≥ 1. This completes 
the proof for sufficiency. 
To prove necessity, the terms in (32) and (33) from the nearest adjacent periods are 
𝛽𝑁
𝑀𝑀𝑁+1 and (1 − 𝛽𝑁+1




𝐹 ) > 0 to be true, 




𝐹 ) > 0 cannot be 




𝐹 ) > 0 
thus completes the proof for Proposition 1. 
3.2.3 Return Covariance 
In Proposition 1, the positive return covariance between the pre-market futures and the 
spot index supports the futures information advantage in predicting subsequent index movement 
across the entire spot trading session. This section takes a closer investigation of the return 
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covariance between smaller adjacent periods. Table 1 reports the results with the calculation 
listed in Appendix A.4. 
Return covariance in table 1 measures the directional relationships between the returns 
from adjacent periods. At the spot opening, it also represents the relationship between the last 
pre-market futures return and the first spot index return. Prior to 𝑡 = 𝑁 − 1, firm information is 
not effective because even the fundamental traders do not incorporate firm information into their 
expectations at this stage. Therefore, the return dynamic only consists of market information and 
market uncertainty. At time 𝑡 = 𝑁 − 1, 𝐶𝑜𝑣(𝑅𝑡+1, 𝑅𝑡) = 𝐶𝑜𝑣(𝑅𝑁 , 𝑅𝑁−1) = 𝐶𝑜𝑣(𝑃𝑁 −
𝑃𝑁−1, 𝑃𝑁−1 − 𝑃𝑁−2) where 𝑃𝑁 contains information from the spot opening 𝑡 = 𝑁 + 1 as defined 
in the price function. It is the earliest point when the market-to-firm information diffusion could 
affect the return covariance, as shown in Panel A and Panel B. Starting from 𝑡 = 𝑁, 
𝐶𝑜𝑣(𝑅𝑡+1, 𝑅𝑡) = 𝐶𝑜𝑣(𝑅𝑁+1, 𝑅𝑁) = 𝐶𝑜𝑣(𝑃𝑁+1 − 𝑃𝑁, 𝑃𝑁 − 𝑃𝑁−1) shows that firm information 
becomes fully effective as the term (1 − 𝛽𝑡
𝑚)𝛽𝑡
𝑚𝜎𝑚𝑡+1
2  enters the covariance. Recall that 
equation (6) defines the market-to-firm information dissemination as 𝐶𝑜𝑣(𝑀𝑡, 𝑚𝑡+𝜏) = 𝜅𝑡,𝜏. This 
process takes 𝜏 periods and the length of information delay is measured by 𝜏. Panels A to C in 
Table 1 shows that the length of information delay can alter the magnitude of return covariance. 
Another important finding here is that the return dynamic is represented by two forms of 
serial correlation: momentum and reversal. Given that 𝜅 > 0, 0 < 𝛽𝑡
𝑀 < 1, and 0 < 𝛽𝑡
𝑚 < 1, all 
terms consist of 𝛽𝑡
𝑀 or 𝛽𝑡
𝑚 in Table 1 are positive, representing a momentum effect. A 
unidirectional price trend is formed because the return in an early period is positively correlated 
to its subsequent period. On the other hand, the reversal effect is represented by the negative 
term −𝛽𝑡
𝜀2𝜎𝜀𝑡
2  where 𝜎𝜀𝑡 measures market volatility and 𝛽𝑡
𝜀 measures how price reacts to it. 





should be small and only offset a portion of momentum. Alternatively, when the market 
experiences high volatility, a large size of −𝛽𝑡
𝜀2𝜎𝜀𝑡
2  can outweigh the momentum and possibly 
leads to a trend change in the price dynamic as the return covariance turns from positive to 
negative. 
Table 1. Adjacent Return Covariance with Information Delay 
Time Intervals Return Covariance 𝐶𝑜𝑣(𝑅𝑡+1, 𝑅𝑡) 
Panel A. One-Period Information Delay and 𝜏 = 1 











𝑚 𝜅𝑡+1,1 − 𝛽𝑡
𝜀2𝜎𝜀𝑡
2  
𝑁 ≤ 𝑡 ≤ 𝑁 + 𝑇 − 1 (1 − 𝛽𝑡
𝑀)𝛽𝑡
𝑀𝜎𝑀𝑡+1
2 + (1 − 𝛽𝑡
𝑚)𝛽𝑡
𝑚𝜎𝑚𝑡+1
2 + (1 − 𝛽𝑡−1




𝑚 𝜅𝑡+1,1 − 𝛽𝑡
𝜀2𝜎𝜀𝑡
2  
Panel B. Two-Period Information Delay and 𝜏 = 2 






𝑡 = 𝑁 − 1 (1 − 𝛽𝑡
𝑀)𝛽𝑡
𝑀𝜎𝑀𝑡+1
2 + (1 − 𝛽𝑡−1
𝑀 )𝛽𝑡+1
𝑚 𝜅𝑡,2 − 𝛽𝑡
𝜀2𝜎𝜀𝑡
2  
𝑁 ≤ 𝑡 ≤ 𝑁 + 𝑇 − 1 (1 − 𝛽𝑡
𝑀)𝛽𝑡
𝑀𝜎𝑀𝑡+1
2 + (1 − 𝛽𝑡
𝑚)𝛽𝑡
𝑚𝜎𝑚𝑡+1






Panel C. Longer Information Delay and 𝜏 ≥ 3 












𝑁 ≤ 𝑡 ≤ 𝑁 + 𝑇 − 1 (1 − 𝛽𝑡
𝑀)𝛽𝑡
𝑀𝜎𝑀𝑡+1









Secondly, the components for momentum evolve while the component for reversal stays 
unchanged over time. It is because firm information and the market-to-firm information flow 
become effective to impact the price in different periods. The momentum components are all 
positive, indicating that each additional layer of information interaction strengthens an existing 
price trend. On the other hand, the reversal is unchanged and represented by −𝛽𝑡
𝜀2𝜎𝜀𝑡
2  even after 
firm information enters the system. Intuitively, additional information should contribute to a 
change in market volatility. Although the analysis here does not focus on this, the sizes of 𝛽𝑡
𝜀 and 
𝜎𝜀𝑡
2  are assumed to be state-dependent thus their magnitude can increase substantially upon the 
spot opening. 
Table 2. Changes in Adjacent Return Covariance with Information Delay 
Time Intervals Changes in 𝐶𝑜𝑣(𝑅𝑡+1, 𝑅𝑡) 
Panel A. One-Period Information Delay and 𝜏 = 1 
𝑡 = 𝑁 − 1 𝛽𝑡
𝑀𝛽𝑡+1
𝑚 𝜅𝑡+1,1 
𝑡 = 𝑁 (1 − 𝛽𝑡
𝑚)𝛽𝑡
𝑚𝜎𝑚𝑡+1
2 + (1 − 𝛽𝑡−1
𝑀 )(1 − 𝛽𝑡
𝑚)𝜅𝑡,1 
Panel B. Two-Period Information Delay and 𝜏 = 2 
𝑡 = 𝑁 − 1 (1 − 𝛽𝑡−1
𝑀 )𝛽𝑡+1
𝑚 𝜅𝑡,2 




Panel C. Longer Information Delay and 𝜏 ≥ 3 
𝑡 = 𝑁 − 1 0 







Table 2 reports the change in return covariance across time. The size of return covariance 
always increases when the spot trading opens regardless of the speed of information flow. One 
intuitive finding is that the change is more pronounced when the information delay is shorter. As 
mentioned above, the covariance starts to change before the spot opens when the opening 
information is captured by traders’ belief and is reflected in the price functions. When the 
information dissemination takes one period, both the firm information and the market-to-firm 
information flow impact the return covariance size, showing that the price reacts quickly to the 
new information once it becomes available. When the information delay is two-period, the size 
of the change is smaller and suggests a slower price reaction at 𝑡 = 𝑁. When the information 
delay takes more than two periods, the covariance size stays unchanged until the spot trading is 
open, indicating that longer information delay could hinder the information learning process. 
Overall, the alignment between this information diffusion model and real-world pricing 
dynamics is reasonably intuitive. The characteristics of the model can imitate short-term 
momentum and reversal to explain how the information dissemination process leads to the pre-
market futures predictive ability. Temporal mispricing exists when traders are embedded with 
irrational expectations. The violation of market efficiency is theoretically validated if the pre-
market futures can predict daytime spot. The next challenge includes the empirical identification 






CHAPTER 4.    EMPIRICAL ANALYSIS 
This chapter investigates the capability of the pre-market futures predictive power on the 
spot index. The testing data is from the S&P 500, as it stands for the most representative stock 
index and the most liquid futures contract. The analysis utilizes a modified vector autoregressive 
model to capture the nonsimultaneous futures-to-spot price spillover. Intraday spillover patterns 
are studied using minute data. 
4.1 Data 
The S&P 500 is a capitalization-weighted market index of 500 large companies listed on 
the New York Stock Exchange and the Nasdaq Stock Market. The E-mini S&P 500 futures 
contract is the most liquidity futures contract in the world. It was introduced in 1997 and is 
mostly traded through Globex in the Chicago Mercantile Exchange. The E-mini has comprised 
50% of the world’s total index futures trading since 2010. The contract specifications for E-mini 
are listed in Table 3. 
Table 3. Contract Specifications for the E-mini S&P 500 Futures 




Tick Size Contract 
Months 
Trading Hours (CME 
Globex, Eastern time) 
E-mini S&P 
500 Futures 









Sunday to Friday, from 
6:00 p.m. previous day to 
5:00 p.m. present day; 
with a trading halt from 
4:15 p.m. to 4:30 p.m. 
Source: Chicago Mercantile Exchange. 
This research uses the eastern time zone. S&P 500 spot trading is from 9:30 a.m. to 4:00 
p.m. In practice, the spot trading can extend from 4:00 a.m. to 8:00 p.m., depending on broker 
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service. This analysis does not consider the extended spot trading, as the prices outside the 
regular trading session are less informative due to limited liquidity and large spreads. E-mini 
trading starts at 6:00 p.m. on day 1 and closes at 5:00 p.m. on day 2 with a 15-minute trading halt 
at 4:15 p.m., as shown in Figure 1. This analysis focuses on the nonsimultaneous periods 
between the pre-market futures interval from 6:30 a.m. to 9:30 a.m. and the spot trading session 
from 9:30 a.m. to 4:00 p.m. 
 
Figure 1. Trading Hours for the E-mini and the S&P 500 Spot 
The E-mini futures 15-minute data and the S&P 500 index daily data are collected from 
Oricode Kibot. The S&P 500 index 1-minute data are collected from Bloomberg. Only days with 
both futures and spot index trading are included. For the pre-market futures to daytime spot 
spillover in Section 4.3, the data provides a sample of 51,350 price observations in 1,975 trading 
days from January 3, 2011 to March 8, 2018. For the minute-by-minute spot index analysis in 
Section 4.4, the data provides a sample of 10,472 price observations for 238 trading days from 
March 27, 2017 to March 8, 2018. Both open and close prices are used to calculate intraday 
returns in equations (38) – (40). For example, the E-mini open price at 9:15 a.m. is the first quote 
in the interval (9: 15 𝑎. 𝑚. , 9: 30 𝑎. 𝑚. ), and the E-mini close price at 9:15 a.m. is the last quote 
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in the interval (9: 15 𝑎. 𝑚. , 9: 30 𝑎. 𝑚. ). These two prices calculate the 15-minute pre-market 
futures return. Section 4.3 consists of returns for twelve pre-market periods and one daytime 
return. Section 4.4 consists of returns for two pre-market futures periods and twenty periods of 
intraday spot returns. 
Equation (38) shows the calculation of futures returns for twelve 𝑛-minute pre-market 
intervals ranging from a 180-minute pre-market period (from 6:30 a.m. to 9:30 a.m.) to a 15-
minute pre-market period (from 9:15 a.m. to 9:30 a.m.). Specifically, 𝑛 can be 180, 165, 150, 
135, 120, 105, 90, 75, 60, 45, 30, or 15, and the subscript 𝜔 in (37) corresponds to 6:30 a.m., 
6:45 a.m., 7:00 a.m., 7:15 a.m., 7:30 a.m., 7:45 a.m., 8:00 a.m., 8:15 a.m., 8:30 a.m., 8:45 a.m., 
9:00 a.m., and 9:15 a.m., respectively. 
 Equation (39) shows the calculation of daytime spot market returns. One primary 
concern in the price discovery analysis is that one overlapping price point shared by two adjacent 
returns might create a spurious correlation as the same information is included in both the 
response and explanatory variables. To avoid overlap between the pre-market futures and the 
daytime spot index at 9:30 a.m., I set 𝑃𝑒𝑠,9:30𝑎𝑚,𝑡+1 in (38) as the closing price in the interval 
(9: 15 𝑎. 𝑚. , 9: 30 𝑎. 𝑚. ) from the 15-minute futures data, and 𝑃𝑠,9:30𝑎𝑚,𝑡 in (39) as the opening 
price in the interval (9: 30 𝑎. 𝑚. , 4: 00 𝑝. 𝑚. ) from the index data. This ensures that the return 
series are not overlapping at 9:30 a.m. 
Equation (40) shows the calculation of the minute-by-minute spot index returns. The 
intraday spot returns are calculated 𝑛’ minutes after 9:30 a.m., where 𝑛’ ranges from 1 to 10, and 
the subscript 𝜔′ in (39) corresponds to 9:31 a.m., 9:32 a.m., 9:33 a.m., 9:34 a.m., 9:35 a.m., 9:36 
a.m., 9:37 a.m., 9:38 a.m., 9:39 a.m., 9:40 a.m., respectively. The selection of these intraday 
intervals is focused on the spot opening and is essentially arbitrary. 
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𝑛 − 𝑚𝑖𝑛𝑢𝑡𝑒 𝑝𝑟𝑒 − 𝑚𝑎𝑟𝑘𝑒𝑡 𝑓𝑢𝑡𝑢𝑟𝑒𝑠 𝑟𝑒𝑡𝑢𝑟𝑛𝑡 = 100 × 𝑙𝑛 (
𝑃𝑒𝑠,9:30𝑎𝑚,𝑡 
𝑃𝑒𝑠,𝜔,𝑡
)          (38) 
𝑑𝑎𝑦𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥 𝑟𝑒𝑡𝑢𝑟𝑛𝑡 = 100 × 𝑙𝑛 (
𝑃𝑠,4:00𝑝𝑚,𝑡
𝑃𝑠,9:30𝑎𝑚,𝑡
)          (39) 
𝑛′ − 𝑚𝑖𝑛𝑢𝑡𝑒 𝑖𝑛𝑡𝑟𝑎𝑑𝑎𝑦 𝑖𝑛𝑑𝑒𝑥 𝑟𝑒𝑡𝑢𝑟𝑛𝑡 = 100 × 𝑙𝑛 (
𝑃𝑠,𝜔′,𝑡
𝑃𝑠,9:30𝑎𝑚,𝑡
)          (40) 
where for each price 𝑃, 𝑒𝑠 is the futures, 𝑠 is the spot, and 𝑡 is the date, and the logarithmic form 
is chosen to maintain desirable statistical traits. I use percent returns to scale up the values for a 
better presentation. 
Summary statistics for the return series are provided in Table 4. Most returns are 
negatively skewed, suggesting that data contains more small gains and fewer large losses. The 
kurtoses of all returns are greater than 3, suggesting the leptokurtic distribution and a higher 
probability of extreme outliers. All of the Jarque-Bera tests reject the null hypothesis at the 1% 
significance level, indicating that all returns are not normally distributed. All of the ADF tests 
reject the null hypothesis of the presence of a unit root at the 1% significance level, indicating 
that all returns are stationary and local properties are preserved over time. These statistics 
reasonably concur with the characteristics of high-frequency financial data. 





2011-2018 Pre-Market Futures Returns 
Spot Returns 180-min 165-min 150-min 135-min 120-min 
Mean 0.033 0.003 0.003 0.000 -0.005 -0.006 
Maximum 4.563 2.055 1.765 1.910 2.014 2.076 
Minimum -6.821 -2.990 -3.067 -3.378 -2.899 -2.795 
Std. Dev. 0.861 0.288 0.279 0.276 0.260 0.249 
Skewness -0.598 -0.611 -0.943 -1.213 -0.903 -0.945 
Kurtosis 6.171 12.597 13.701 17.644 14.392 15.564 
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2011-2018 Pre-Market Futures Returns 
180-min 165-min 150-min 135-min 120-min 
Jarque-Bera 2,964*** 12,014*** 14,344*** 23,785*** 15,778*** 18,432*** 
ADF -12.1*** -10.7*** -11.1*** -11.0*** -10.8*** -10.6*** 
Observations 1,795 1,795 1,795 1,795 1,795 1,795 
2011-2018 
Statistics 
2011-2018 Pre-Market Futures Returns 
105-min 90-min 75-min 60-min 45-min 30-min 
Mean -0.007 -0.003 0.000 -0.004 -0.001 0.001 
Maximum 1.910 1.931 1.723 1.971 1.026 0.946 
Minimum -1.946 -1.835 -1.809 -1.999 -1.933 -1.354 
Std. Dev. 0.239 0.227 0.218 0.212 0.155 0.120 
Skewness -0.449 -0.285 -0.631 -0.885 -1.250 -0.325 
Kurtosis 10.685 11.094 11.734 17.877 20.932 16.324 
Jarque-Bera 8,624*** 9,255*** 10,446*** 24,200*** 33,321*** 20,014*** 
ADF -11.1*** -11.1*** -10.7*** -11.7*** -12.2*** -11.7*** 








2017-2018 Intraday Index 
Returns 
15-min Spot Returns 45-min 15-min 9:30-9:31  9:30-9:32 
Mean 0.001 0.029 0.009 0.004 -0.003 0.008 
Maximum 0.574 3.027 0.480 0.294 0.321 0.441 
Minimum -0.429 -3.951 -0.340 -0.154 -0.811 -0.366 
Std. Dev. 0.080 0.588 0.094 0.052 0.092 0.083 
Skewness -0.059 -1.695 0.612 1.095 -2.872 0.250 
Kurtosis 5.601 15.457 6.334 6.003 23.973 4.410 
Jarque-Bera 2,355*** 2,533*** 423*** 415*** 6,139*** 201*** 
ADF -12.5*** -5.4*** -7.4*** -4.3*** -5.8*** -5.8*** 
Observations 1,795 238 238 238 238 238 
2017-2018 
Statistics 
2017-2018 Intraday Index Returns 
9:30-9:33 9:30-9:34 9:30-9:35 9:30-9:36 9:30-9:37 9:30-9:38 
Mean 0.019 0.022 0.021 0.023 0.021 0.018 
Maximum 0.581 0.519 0.493 0.605 0.971 0.989 
Minimum -0.148 -0.288 -0.321 -0.279 -0.367 -0.344 
Std. Dev. 0.083 0.088 0.093 0.108 0.118 0.119 
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Table 4 Continued 
2017-2018 
Statistics 
2017-2018 Intraday Index Returns 
9:30-9:33 9:30-9:34 9:30-9:35 9:30-9:36 9:30-9:37 9:30-9:38 
Skewness 1.685 0.878 0.803 1.070 2.175 2.326 
Kurtosis 8.429 4.416 3.195 4.117 16.508 17.925 
Jarque-Bera 835*** 230*** 130*** 219*** 2947*** 3,467*** 
ADF -5.7*** -5.3*** -5.7*** -5.7*** -5.4*** -5.1*** 
Observations 238 238 238 238 238 238 
2017-2018 
Statistics 
2017-2018 Intraday Index Returns 
9:30-9:39 9:30-9:40 9:31-16:00 9:32-16:00 9:33-16:00 9:34-16:00 
Mean 0.021 0.023 0.032 0.021 0.010 0.007 
Maximum 0.878 1.132 3.838 3.393 2.927 2.914 
Minimum -0.351 -0.445 -3.889 -3.781 -3.824 -3.662 
Std. Dev. 0.122 0.137 0.596 0.584 0.574 0.564 
Skewness 1.685 2.351 -0.818 -1.234 -1.694 -1.707 
Kurtosis 9.804 17.497 17.005 15.594 15.263 15.366 
Jarque-Bera 1,088*** 3,318*** 2,952*** 2,521*** 2,473*** 2,506*** 
ADF -4.8*** -4.9*** -5.5*** -5.4*** -5.3*** -5.2*** 
Observations 238 238 238 238 238 238 
2017-2018 
Statistics 
2017-2018 Intraday Index Returns 
9:35-16:00 9:36-16:00 9:37-16:00 9:38-16:00 9:39-16:00 9:40-16:00 
Mean 0.008 0.006 0.008 0.011 0.008 0.006 
Maximum 2.689 2.422 2.057 2.038 2.149 1.895 
Minimum -3.630 -3.693 -3.657 -3.696 -3.772 -3.743 
Std. Dev. 0.561 0.558 0.554 0.558 0.560 0.551 
Skewness -1.841 -2.117 -2.276 -2.193 -2.190 -2.269 
Kurtosis 14.918 15.405 15.368 15.126 15.395 15.244 
Jarque-Bera 2,388*** 2,581*** 2,598*** 2,508*** 2,591*** 2,558*** 
ADF -5.3*** -5.3*** -5.3*** -5.3*** -5.4*** -5.5*** 
Observations 238 238 238 238 238 238 
Note: ***, **, and * indicate the significance level of 1%, 5%, and 10%, respectively. I use the 
2011-2018 data for the pre-market futures to the daytime spot return spillover in Section 4.3 and 




Table 5. Summary of the S&P 500 Intraday Basis 
Statistics 9:30 Price 16:00 Price 9:30 to 16:00 Return 
Mean 4.163 4.311 0.010% 
Std. Dev. 8.009 2.541 0.480% 
Maximum 96.40 12.03 2.799% 
Minimum -48.67 -6.75 -4.662% 








Note: Data ranges from January 3, 2011 to March 8, 2018. Daytime returns for the futures and 
index are compared in the last column. For T-test, p-values are reported in parentheses. 
One might conjecture the degree of convergence between the S&P 500 index and its 
futures. Theoretically, index arbitrage should cause them to converge once simultaneous trading 
starts. If this is true, one price can replace the other for empirical testing. Furthermore, the 
research question would be whether the S&P 500 price correlates to its intraday past value. I 
show that this is not the case. Table 5 provides a summary of the S&P 500 intraday basis. The 
basis calculates the difference between the index spot price and futures price. A positive basis 
means that the index price is higher than the futures price. On average, the S&P 500 index price 
is 4.163 points higher than its futures price at 9:30 a.m. and 4.311 points higher than its futures 
price at 4:00 p.m. The index spot price leads the futures price by a maximum of 96.40 points. 
The futures price leads the index price by a maximum of 48.67 points. For a buy and hold 
strategy from 9:30 a.m. to 4:00 p.m., the average return of trading the S&P 500 index is 0.01% 
higher than the average return of trading the futures, assuming zero transaction cost. The results 
of the t-test indicate that there are noticeable differences between the futures price and the index 
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price. The results suggest that the futures and index prices are not interchangeable in this 
empirical analysis. 
4.2 Identification Methodology 
The standard VAR model is widely used for estimating the return spillover among 
financial assets. Many studies reparametrize the VAR model into a vector error correction model 
(VECM) because the VECM incorporates both the short-term and long-term equilibrium 
relationship between the series. The futures and spot index data here follows a nonsimultaneous 
setting. The error correction term in the VECM would lose its economic meaning with this non-
overlapping data. Therefore, I modify the standard VAR model instead of using the VECM.  
Equation (41) presents a general VAR form in order 𝑝 (Tsay, 2005; Tsay, 2013): 
𝑟𝑡 = ∅0 + ∑ ∅1,𝑖𝑟𝑡−𝑖
𝑝
𝑖=1
+ 𝜀𝑡           (41) 
where 𝑟𝑡 is a 𝑘-dimensional return time series; ∅0 is a 𝑘-dimensional vector; 𝑝 is the order for 
the VAR; ∅1,𝑖 is a 𝑘 × 𝑘 matrix capturing the interdependence of different returns; 𝜀𝑡 is a random 
error vector and is commonly assumed to be multivariate normal. 
Because (41) estimates the spillover between lags, this standard model cannot capture the 
spillover from the pre-market futures to the daytime spot on the same day. By changing the 
futures subscript 𝑡 in (41) to 𝑡 + 1, the pre-market futures returns in day 𝑡 are lagged by 1 
relative to day 𝑡’s spot returns. Equation (42) shows this modified VAR model that is used to 



















]          (42) 
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where 𝑟 is the return series, and the subscripts 𝑒𝑠 and 𝑠 denote the futures and the spot, 
respectively. ∅0,𝑒𝑠 and ∅0,𝑠 are constant elements. ∅2,1,𝑖  is the parameter for estimating the 
nonsimultaneous futures-to-spot spillover, which denotes a linear effect from 𝑟𝑒𝑠,𝑡+1−𝑖 on 𝑟𝑠,𝑡 in 
the presence of 𝑟𝑠,𝑡−𝑖 for each lag 𝑖, the conditional spillover effect from the pre-market futures 
returns to the daytime spot returns. The parameter ∅1,2,𝑖 is of less importance because it is the 
conditional effect from the daytime spot returns to the day after tomorrow’s pre-market futures 
returns. The diagonal elements ∅1,1,𝑖 and ∅2,2,𝑖 are the conditional effect to the returns from its 
own lagged variables. The residual vectors are assumed to be bivariate normal. 
Table 6. VAR Order Selection 
Section Column VAR Order 
Section 5 Table 4  All 1 
Section 6 Table 5 (A) 2,1,2,2,2,2,2,2,2,2 
 (B) All 1 
 (C) All 2 
 (D) 2,2,1,1,1,1,1,1,1,1 
 
Four statistical criteria are evaluated for selecting the VAR order: the Akaike Information 
Criterion, the Hannan-Quinn Information Criterion, the Bayesian Information Criterion (BIC), 
and the Final Prediction Error. Scott Hacker and Hatemi (2008) suggest that the BIC provides 
better performance for financial data. My test finds that the BIC always provides the smallest lag 
length among the four criteria. Parsimony of the smallest order can help avoid the VAR 
overfitting. Therefore, I use the BIC to determine the optimal VAR orders, as shown in Table 6. 
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4.3 Futures to Daytime Spot Spillover 
The nonsimultaneous futures-to-spot return spillovers from the pre-market futures to the 
daytime spot from equation (42) are reported in Table 7. The parameter ∅2,1,𝑖 estimates this 
futures-to-daytime spot spillover. The twelve sets of estimates correspond to the twelve pre-
market intervals. All of the return spillover estimates are statistically significant at the 1% level 
and pass the Granger Causality Test with the futures as the cause at the 1% significance level. 
The Granger Causality Test statistically examines whether the pre-market futures return contains 
information that helps predict the daytime spot return. 
Table 7. VAR Estimation from the Pre-market Futures to the Daytime Spot 
 180-minute 165-minute 150-minute 135-minute 120-minute 105-minute 
∅2,1,𝑖 0.878*** 0.864*** 0.856*** 0.897*** 0.971*** 1.054*** 
Granger 169.48*** 152.41*** 145.84*** 141.98*** 152.57*** 165.94*** 
 90-minute 75-minute 60-minute 45-minute 30-minute 15-minute 
∅2,1,𝑖 1.167*** 1.099*** 1.084*** 1.252*** 1.481*** 1.494*** 
Granger 185.53*** 149.30*** 136.21*** 96.75*** 80.05*** 34.54*** 
Note: *** indicates a significance level of 1%; the optimal VAR order is one; ∅2,1,𝑖  reports the 
nonsimultaneous return spillover from pre-market E-mini to the daytime spot index; Granger 
represents the Granger Causality test results with the E-mini futures returns as the cause; the 
notations from 180-minute to 15-minute represent the corresponding pre-market intervals for the 
futures. 
The results evidently support the theoretical proposition of pre-market futures predictive 
ability, suggesting that the information in the pre-market futures market is significantly useful in 
forecasting the daytime spot movements. On average, the spillover size is 1.091, indicating that a 
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1% change in the pre-market futures return leads to a 1.091% change in the daytime spot return 
in the same direction. 
Additionally, the ACF plots of VAR residuals are illustrated in Appendix B.1. In 
financial time series, it is common to find autocorrelation in the regression residuals because of 
the cross-period information linkage. The ACF plots show that there is a minimal level of 
autocorrelation in the VAR residuals. Negative autocorrelations are found in lag three, five, and 
a few higher orders. In this case, it is essential to examine the economic interpretation behind the 
ordering of the model. Intuitively, when the index prices on day 1 and day 2 are correlated, the 
pre-market futures return on day 1 might occasionally correlate to the spot returns on day 2. 
Meanwhile, the pre-market futures return should not contain useful information for predicting 
the spot return for longer lags. Therefore, the VAR order in Table 6 is reasonable. 
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Figure 2 plots the futures-to-spot spillover. In general, the spillover magnitude increases 
as the pre-market interval is closer to the spot opening. Comparing the 180-minute pre-market 
interval to the 15-minute interval, spillover size increases from 0.878 to 1.494. The twelve 
estimates range from 0.856 to 1.494. The highest spillover effect is from 9:15 a.m. to 9:30 a.m., 
and the lowest occurs from 7:00 a.m. to 9:30 a.m. A 1% change in the E-mini futures returns 
from 9:15 a.m. to 9:30 a.m. leads to a 1.49% change in the same direction in the S&P 500 spot 
index returns from 9:30 a.m. to 4:00 p.m. This provides an empirical observation that there is a 
stronger correlation between the futures and the index as the futures pre-market interval becomes 
closer to the spot opening. 
4.4 Futures to Intraday Spot Spillover 
Given the presence of program traders and index arbitrage, one might expect the 
convergence of the spot index to the overnight futures once simultaneous trading begins. This 
suggests that the substantial futures-to-spot spillover might only occur in the first few minutes 
after 9:30 a.m. To test this hypothesis, I use the 1-minute spot index data from March 27, 2017 to 
March 8, 2018. The summary statistics are in Table 4. The methodology follows the previous 
analysis and includes equations (38) to (40). For calculating the intraday returns excluding the 
first 𝑛 spot minutes, I subtract the return in (40) from the daytime spot return. I use (42) for VAR 
estimation where the intraday spot returns replace the daytime spot returns.  
I select two pre-market intervals for the futures: 45-minute and 15-minute. For both pre-
market intervals, I test the futures-to-spot spillover for ten post-9:30 a.m. intervals from one 
minute after 9:30 a.m. to ten minutes after 9:30 a.m., as shown in columns (A) and (B) in Table 
8. I also test the spillover from the same pre-market interval to an additional ten intraday 
intervals by excluding these first ten minutes, as shown in columns (C) and (D) in Table 8. The 
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Granger Causality Test results are in support of the VAR estimation, as reported in Table B1 in 
Appendix B.2. 
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Note: p-values are reported in the parentheses; the VAR orders are reported in Table 6; all 




The results suggest that spillover exists in the first 10 minutes in (A) and (B), and also 
exists in the periods excluding these ten minutes in (C) and (D). For the 45-minute pre-market 
interval, the spillover significance level is similar in columns (A) and (C). For the 15-minute pre-
market interval, the significance levels in column (B) are more pronounced than in (D). The 
magnitude of the spillover is smaller during the first 10 minutes compared to the rest of the day. 
These findings imply that, in contrast to an instant information convergency at the spot opening, 
the pre-market futures predictive power extends across the entire regular trading session. The 
results support the theoretical conclusion that information disseminates through the return 
covariance between small adjacent intervals across the regular trading session. 
 
Figure 3. The 45-minute Pre-market Futures to Intraday Index Spillover Size 
Figure 3 plots the return spillover pattern for the 45-minute pre-market interval. During 
the first ten minutes after 9:30 a.m., the magnitude of the spillover increases as the spot interval 
increases from one to ten minutes. During the rest of the regular trading session, the spillover 
















2 3 4 5 6 7 8 9 10
Spillover to the first n minutes after 9:30 a.m.
Spillover to the rest of the spot trading hours
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The empirical findings in this chapter support that information diffusion is a gradual 
process. The results show that the pre-market futures are positively related to the spot index 
immediately after 9:30 a.m. More importantly, this relationship extends beyond the initial 
convergence and exists during the entire spot session. The intraday analysis provides additional 
insights. Regardless of the pre-market interval selection, the overnight futures movement 
contains useful information for predicting the spot index direction. Meanwhile, there is 
observable evidence that the position of pre-market intervals affects the spillover magnitude, 
suggesting that the prices near 9:30 a.m. could be more informative than the earlier ones. I 




CHAPTER 5.    TRADING STRATEGIES 
Given the presence of the pre-market futures predictive power, this chapter aims to 
design corresponding trading strategies. It has been studied that the information advantage in the 
market opening and the derivative market can lead to profitable trend-following strategies (Chen, 
2013; Chen and Maher, 2013). This chapter uses information ratio and drawdown to measure 
strategy performance. The analysis also relates to the previous conclusion by testing the spillover 
magnitude on different volatility regimes. 
5.1 Strategy Design 
This section designs a trading strategy based on the pre-market futures and compares it to 
a buy and hold benchmark. The test data are from January 3, 2011 to December 29, 2017. I 
assume zero transaction cost. The initial investment is one unit. The investor uses the pre-market 
futures returns as trading signals. When they are positive, the investor uses all accumulated 
capital to buy stocks at the spot opening or hold previous positions for one more day; when the 
pre-market futures returns are zero or negative, the investor sells all holdings. There is no look-
ahead bias as the signals are selected from the pre-market session and the execution occurs in the 
regular trading session. Using information that is not supposed to be available can lead to 
overfitting and spuriously good performance. 








          (43) 
where 𝜋𝑦
𝑆𝑖𝑔𝑛𝑎𝑙
 is the annual return in year y; the annual return is a summation because all returns 
are in the logarithmic form; 𝑅𝑡
𝑆 is the daily spot return in day t; 𝑅𝑡
𝐸𝑆 is the pre-market futures 
return; and 𝐼𝑅𝑡𝐸𝑆>0 is an indicator function. I use daily spot returns instead of daytime spot returns 
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for this section. The test sample includes 947 trading days with positive daytime spot returns. 
Among them, there are 892 days with positive daily spot returns, suggesting an overall bullish 
market. 
I consider an additional case where buying on margin is possible. The investor buys 
stocks if the 90-minute pre-market futures returns are positive. The size of the long position is 
linearly proportional to two times the size of the 90-minute pre-market futures returns. The 
investor closes all positions if the 90-minute futures returns are negative. Equation (44) 








        (44) 
where 𝜋𝑦
𝑃𝑟𝑜𝑝
 is the annual return in year y; 𝑅𝑡
𝑆 is the daily spot return in day t; 𝑅𝑡
𝐸𝑆90 is the 90-
minute pre-market futures return and |2𝑅𝑡
𝐸𝑆90| is the trading size; and 𝐼𝑅𝑡𝐸𝑆90>0 is an indicator 
function. 
5.2 Backtesting Results 
5.2.1 Strategy Performance 
Table 9 reports the annual percentage returns for all strategies. The index benchmark has 
an average return of 10.83%. On average, the signal strategy using the 90-minute signal has the 
best performance with a return of 23.74%, outperforming the benchmark by 12.91%. The 180-
minute signal has the second-best return and outperforms the benchmark by 11.47%. The 
proportional trading in Panel C outperforms the benchmark by 5.29%. Lastly, the 15-minute 
signal shows an average return of 10.82% and underperforms the index by 0.01%. 
The proportional trading returns have the highest standard deviation because the margin 
increases the dispersion of the returns to the mean. For all strategies, trades are placed in 
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approximately 50% of the trading days, indicating that the pre-market signals function as a 
screening mechanism to filter out negative spot returns. 




         (45) 
where 𝑅𝑆 is the strategy returns, 𝑅𝐵 is the benchmark returns, and the tracking error 𝜎𝑃−𝐵 is the 
standard deviation of return differences between the strategy and index benchmark. The 
information ratio is derived from the Sharpe ratio and represents a strategy’s excess returns 
generated from the excess risk compared to the benchmark portfolio (Kidd, 2011). The 
investment portfolio with a higher information ratio is preferred. Generally, a ratio above 0.5 is 
considered  quite good (Kidd, 2011). The Information Ratio is 0.56 for the 90-minute and 180-
minute signal strategies, suggesting that both strategies achieve preferable performance over the 
index benchmark. 
For the 15-minute, 90-minute, and 180-minute signal strategies, the cumulative returns 
are plotted in Appendix C.1. Given the pre-market futures predictive power, it seems 
counterintuitive that the 15-minute signal is outperformed by other strategies and the index. In 
reality, two scenarios can explain this. The strategy trades on a day with a negative index return 
when the 15-minute signal is positive, as shown in Figure 4. Alternatively, the strategy misses a 
day with a positive index return because the 15-minute signal is negative, as shown in Figure 5. 
As highlighted in both figures, there is a small reversal during the 15-minute pre-market session 
comparing to the overnight futures movement. When there is an overall unidirectional price 
movement, a price fluctuation can still occur in small intervals. In this case, this happens 15 
minutes before the spot opening and provides an explanation of why the 15-minute signal has the 
least profitable outcome in this testing sample. 
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Table 9. Trading Strategy Returns 
 2011 2012 2013 2014 2015 2016 2017 Mean 















































𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑖𝑜 = −0.001 




























𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑖𝑜 = 0.565 




























𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑖𝑜 = 0.561 




























𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑖𝑜 = 0.190 
Note: Panel A records the index benchmark. Panels B1 to C record the strategy returns. For 
each panel, the first row is the annual percent logarithmic return; the strategy return standard 
deviations are in parentheses: the Trade % represents the percentage of days with trade 








Figure 5. The S&P 500 E-mini and Index on October 12, 2020 
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This explanation does not contradict the pre-market futures predictive power. The VAR 
estimation suggests an overall positive correlation between the pre-market futures return and the 
index return. The strategy results represent an exception that occasionally occurs in a small 
interval. This finding is consistent with the results in Table 8. Column (D) shows that, using the 
15-minute signal, the futures-to-spot spillover is not statistically significant when excluding the 
first three minutes of spot trading from March 27, 2017 to March 8, 2018. This also agrees with 
the strategy results that the 15-minute signal has a return of 5.34% in 2017 when the index return 
is 17.56%. 
Another finding is that there are diversified patterns in the cumulative returns across 
years, as shown in Appendix C.1. There are large losses before recovery during 2013 – 2017, 
suggesting the downside risk is higher for specific strategies in some years. In practice, the 
strategy performance might be heavily penalized for having large downside risks even though 
the overall return is positive. A strategy might not be sustainable for having large downside 
swings. The next section provides an analysis of drawdowns to investigate this topic further. 
5.2.2 Downside Volatility 
This section analyzes the downside volatility for the signal strategies. A drawdown is a 
portfolio measurement of the maximum observed loss from a peak value to a valley value before 
the loss is recovered. It is expressed as a percentage and represents the downside risk of a 
portfolio. Equation (46) shows the calculation, and Table 10 reports the results. 
𝐷𝑟𝑎𝑤𝑑𝑜𝑤𝑛 =








Table 10. Strategy Drawdowns 
Year 15-minute signal 90-minute signal 180-minute signal 
2011 -56.4% -11.9% -8.4% 
2012 -61.2% -23.1% -14.5% 
2013 -18.6% -30.0% -25.1% 
2014 -59.2% -48.1% -31.2% 
2015 -102.1% -10.5% -27.6% 
2016 -52.8% -27.1% -133.2% 
2017 -231.0% -93.7% -152.3% 
Mean -83.0% -34.9% -56.0%% 
 
From 2011 to 2017, the drawdown sizes are generally the smallest for the 90-minute 
signal strategy and concur with the backtesting result that the 90-minute signal is most profitable. 
The 15-minute signal and the 180-minute signal have drawdowns exceeding 100%, suggesting a 
significant capital loss before recovery. Extreme downside risks are more pronounced in the last 
three years than the first four years. Because the strategy trades on the index market, the 
drawdown here is an alternative indicator of market volatility. I further test the relationship 
between spillover size and market uncertainty related to the theoretical discovery in Chapter 3. 
Table 11 reports the results. 2011 – 2014 is defined as the low volatility period, and 2015 – 2017 
is defined as the high volatility period. The average spillover size is 1.295 in the low volatility 
period and 0.727 in the high volatility period, a 44% decrease in the magnitude upon the regime-
switching. Recall in Chapter 3 the return covariance size is negatively related to market 
uncertainty. The results here empirically support this discovery. Lastly, Figure 6 plots the return 
spillover. It shows that the spillover size increases as the return interval becomes narrower and 
closer to 9:30 a.m. The results are consistent with the previous conclusion. 
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Table 11. Futures-to-Spot Spillover between 2011-2014 and 2015-2017 
Pre-market Interval 2011-2014 2015-2017 
180-minute 1.049*** 0.551*** 
165-minute 1.052*** 0.519*** 
150-minute 1.051*** 0.530*** 
135-minute 1.106*** 0.536*** 
120-minute 1.153*** 0.640*** 
105-minute 1.240*** 0.668*** 
90-minute 1.437*** 0.630*** 
75-minute 1.317*** 0.664*** 
60-minute 1.257*** 0.760*** 
45-minute 1.467*** 0.913*** 
30-minute 1.796*** 0.933*** 
15-minute 1.615*** 1.374*** 
Notes: *** indicates a significance level of 1%. 
 

























5.2.3 Trading Feasibility 
For an individual trader, one might question the feasibility of executing trades within a 
minute of 9:30 a.m. This could happen when there is a high volume of unfilled orders at the spot 
opening. I test the viability of the signal strategy by excluding the first spot minute from March 
27, 2017 to March 8, 2018. After this adjustment, the strategy average returns decrease by 
approximately 1% but still outperform the benchmark, as shown in Table 12. The change in 
return standard deviation is minimal. The results indicate that excluding the first spot minute 
only tangentially affects the profitability of these strategies. 





































Note: Return is in annually percent logarithm form for each strategy; the corresponding 




CHAPTER 6.    CONCLUSION 
This dissertation aims to incorporate information flow to investigate the pre-market 
futures predictive power on a nonsimultaneous framework. The information diffusion model is 
motivated by theoretical research in information asymmetry, information categorization, and 
irrational expectation (Grossman, 1977; Slezak, 2003; Barberis 2018). This model characterizes 
the price dynamics with return momentum and reversal and theoretically proves that the pre-
market futures return is positively correlated to the daytime spot return. This proposition is 
empirically tested using the S&P 500 intraday data. The results support the information role of 
the futures market (Just and Rausser 1981; French, 1986; Chan 1992). The weak-form of the 
efficient market hypothesis is challenged under this temporal price dynamic. This information 
advantage is examined by signal trading strategies that outperform the index benchmark. 
The main focus of this dissertation is on the pre-market futures market, which is 
insufficiently investigated from existing studies. One of the main contributions of this study is to 
show that information dissemination is a gradual process as the pre-market futures predictive 
power exists across the entire spot trading session. This hypothesis has been validated by the 
information diffusion model and tested by the S&P 500 return spillover. Another contribution is 
the discovery of intraday spillover patterns. The magnitude of the futures-to-spot spillover 
increases as the pre-market interval becomes narrower and closer to the spot opening, suggesting 
that the news near the spot opening is more informative in predicting the index direction. High 
market volatility decreases the magnitude of this relationship but does not influence the 
significance level. One explanation is that the interaction of different information results in the 




Future work could pursue the quantization of market news and firm news. This research 
uses a two-dimensional measurement of information in its size and volatility. In reality, the 
information process can be more complicated. A multi-dimensional measurement of information 
might be useful in explaining the complexity of equity price dynamics. Additionally, the way the 
model is constructed could be changed where the assumption of aggregated firm-level 




Barberis, N., Shleifer, A., & Vishny, R. (1998). A model of investor sentiment1. Journal of 
financial economics, 49(3), 307-343. 
Barberis, N. C. (2018). Psychology-based Models of Asset Prices and Trading Volume (No. 
w24723). National Bureau of Economic Research. 
Chan, K. (1992). A further analysis of the lead–lag relationship between the cash market and 
stock index futures market. The Review of Financial Studies, 5(1), 123-152. 
Chen, C. N. (2013). The predictability of opening returns for the returns of the trading day: 
Evidence from Taiwan futures market. International Review of Economics & Finance, 
25, 272-281. 
Chen, H., & Maher, D. (2013). On the predictive role of large futures trades for S&P500 index 
returns: An analysis of COT data as an informative trading signal. Journal of 
International Financial Markets, Institutions and Money, 27, 177-201. 
De Bondt, W. F., & Thaler, R. (1985). Does the stock market overreact?. The Journal of finance, 
40(3), 793-805. 
Dwyer Jr, G. P., Locke, P., & Yu, W. (1996). Index arbitrage and nonlinear dynamics between 
the S&P 500 futures and cash. The Review of Financial Studies, 9(1), 301-332. 
Fama, E. F. (1970). Efficient capital markets: A review of theory and empirical work. The 
journal of Finance, 25(2), 383-417. 
Fleming, J., Ostdiek, B., & Whaley, R. E. (1996). Trading costs and the relative rates of price 
discovery in stock, futures, and option markets. Journal of Futures Markets, 16(4), 353-
387. 
French, K. (1986). Detecting spot price forecasts in futures prices. The Journal of Business, 
59(2), S39-S54. 
Fong, S., Si, Y. W., & Tai, J. (2012). Trend following algorithms in automated derivatives 
market trading. Expert systems with applications, 39(13), 11378-11390. 
Gannon, G. (2005). Simultaneous volatility transmissions and spillover effects: US and Hong 
Kong stock and futures markets. International Review of Financial Analysis, 14(3), 326-
336. 
Grossman, S. (1976). On the efficiency of competitive stock markets where trades have diverse 
information. The Journal of finance, 31(2), 573-585. 
Grossman, S. J. (1977). The existence of futures markets, noisy rational expectations and 
informational externalities. The Review of Economic Studies, 44(3), 431-449. 
55 
 
Grossman, S. (1978). Further results on the informational efficiency of competitive stock 
markets. Journal of Economic Theory, 18(1), 81-101. 
Grossman, S. J., & Stiglitz, J. E. (1980). On the impossibility of informationally efficient 
markets. The American economic review, 70(3), 393-408. 
Hull, J. (2011). Determination of forward and futures prices. Options, futures, and other 
derivatives (pp. 113-114). Upper Saddle River, N.J.: Pearson/Prentice Hall. 
Hong, H., & Stein, J. C. (1999). A unified theory of underreaction, momentum trading, and 
overreaction in asset markets. The Journal of finance, 54(6), 2143-2184. 
Just, R. E., & Rausser, G. C. (1981). Commodity price forecasting with large-scale econometric 
models and the futures market. American Journal of Agricultural Economics, 63(2), 197-
208.  
Kawaller, I. G., Koch, P. D., & Koch, T. W. (1987). The Relationship between the S & P 500 
Index and S & P 500 Index Futures Prices. Chicago Mercantile Exchange. 
Kawaller, I. G., Koch, P. D., & Koch, T. W. (1987). The temporal price relationship between 
S&P 500 futures and the S&P 500 index. The Journal of Finance, 42(5), 1309-1329. 
Kellard, N., Newbold, P., Rayner, T., & Ennew, C. (1999). The relative efficiency of commodity 
futures markets. Journal of Futures Markets, 19(4), 413-432. 
Kidd, D. (2011). The sharpe ratio and the information ratio. Investment Performance 
Measurement Feature Articles, 2011(1), 1-4. 
Kihlstrom, R. E., & Mirman, L. J. (1975). Information and market equilibrium. The Bell Journal 
of Economics, 357-376. 
Kyle, A. S. (1985). Continuous auctions and insider trading. Econometrica: Journal of the 
Econometric Society, 1315-1335. 
Lin, S. X., & Tamvakis, M. N. (2001). Spillover effects in energy futures markets. Energy 
Economics, 23(1), 43-56. 
Liu, Q., & An, Y. (2011). Information transmission in informationally linked markets: Evidence 
from US and Chinese commodity futures markets. Journal of International Money and 
Finance, 30(5), 778-795. 
Peng, L. (2005). Learning with information capacity constraints. Journal of Financial and 
Quantitative Analysis, 40(2), 307-329. 
Peng, L., & Xiong, W. (2006). Investor attention, overconfidence and category learning. Journal 
of Financial Economics, 80(3), 563-602. 
56 
 
Scott Hacker, R., & Hatemi-J, A. (2008). Optimal lag-length choice in stable and unstable VAR 
models under situations of homoscedasticity and ARCH. Journal of Applied Statistics, 
35(6), 601-615. 
Shiller, R. J. (1981). The use of volatility measures in assessing market efficiency. The Journal 
of Finance, 36(2), 291-304. 
Slezak, S. L. (1994). A theory of the dynamics of security returns around market closures. The 
Journal of Finance, 49(4), 1163-1211. 
Slezak, S. L. (2003). On the impossibility of weak-form efficient markets. Journal of Financial 
and Quantitative Analysis, 38(3), 523-554. 
Stoll, H. R., & Whaley, R. E. (1990). The dynamics of stock index and stock index futures 
returns. Journal of financial and quantitative analysis, 25(4), 441-468. 
Tsay, R. S. (2005). Analysis of financial time series (Vol. 543). John Wiley & Sons. 
Tsay, R. S. (2013). Multivariate Time Series Analysis: with R and financial applications. John 
Wiley & Sons. 
Tse, Y. (1999). Price discovery and volatility spillovers in the DJIA index and futures markets. 
Journal of Futures markets, 19(8), 911-930. 
Zhou, B., & Wu, C. (2014). The dynamic relationships between stock index futures and stock 
index markets: Evidence from China. In Management Science & Engineering (ICMSE), 
2014 International Conference on (pp. 1442-1450). IEEE. 
57 
 
APPENDIX A. SUPPLEMENTARY CONTENTS FOR CHAPTER 3 
A.1 Irrationality of Traders 
Following equations (10) and (11) in Chapter 3, the prediction errors of fundamental 




𝐹𝐷{𝜃𝑡+1 − 𝜃𝑡|Ω𝑡} − (𝑀𝑡+1 + 𝑚𝑡+1𝐼𝑡≥𝑁) = 𝜀𝑡 (A.1.1) 
𝑃𝐸𝑡
𝑀𝑌 = 𝐸𝑡
𝑀𝑌{𝜃𝑡+1 − 𝜃𝑡|Ω𝑡} − (𝑀𝑡+1 + 𝑚𝑡+1𝐼𝑡≥𝑁)
= 𝑀𝑡 − 𝑀𝑡+1 + 𝑚𝑡𝐼𝑡≥𝑁+1 − 𝑚𝑡+1𝐼𝑡≥𝑁 
(A.1.2) 
Note that at time 𝑡 = 𝑁, myopic traders cannot predict 𝑚𝑁+1 because their expectation is 
based on current information. Prediction errors in (A.1.1) and (A.1.2) are correlated with 
expectations in (10) and (11), respectively. Hence, both types of traders are irrational. 
A.2 Proof of Lemma 1 
Section 3.2.1 shows that 0 < 𝛽𝑡
𝑀 < 1 for 1 ≤ 𝑡 ≤ 𝑁 − 2. This section completes the 
proof for 0 < 𝛽𝑡
𝑀 < 1 and 0 < 𝛽𝑡
𝑚 < 1 in the rest of the intervals 𝑡 = 𝑁 − 1, 𝑡 = 𝑁, and 𝑁 +
1 ≤ 𝑡 ≤ 𝑁 + 𝑇 − 1. 











𝑀 𝑀𝑡+2 + 𝛽𝑡+1
𝑚 𝑚𝑡+2 + 𝛽𝑡+1
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𝐹𝐷 (𝑃𝑁) = 𝑉𝑎𝑟𝑁−1






2 . (A.2.7) 
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Equations (A.2.5) and (A.2.6) show that the coefficients of information and market 
uncertainty are not correlated across time. This process derives the range of information 
coefficient 0 < 𝛽𝑁−1
𝑀 < 1 in (A.2.8) because 0 < 𝑁𝑁−1
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𝑚 𝑚𝑡+2 + 𝛽𝑡+1
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2  (A.2.16) 
This process derives the range of the information coefficients 0 < 𝛽𝑁
𝑀 < 1 and 0 <
𝛽𝑁
𝑚 < 1 in (A.2.17) because 0 < 𝑁𝑁
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2  (A.2.25) 
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This process derives the range of information coefficients 0 < 𝛽𝑡
𝑀 < 1 and 0 < 𝛽𝑡
𝑚 < 1 
in (A.2.26) because 0 < 𝑁𝑡
















A.3 Computation of Equations (32) and (33) 
Equation (8) characterizes the information set and implies that 
𝜃𝑁 − 𝜃𝑁−1 = 𝑀𝑁 . (A.3.1) 
Equation (A.3.2) calculates the pre-market return by substituting (A.3.1) into (32). 
𝑃𝑁 − 𝑃𝑁−1 = 𝜃𝑁 + 𝛽𝑁
𝑀𝑀𝑁+1 + 𝛽𝑁
𝑚𝑚𝑁+1 + 𝛽𝑁
𝜀 𝜀𝑁 − (𝜃𝑡−1 + 𝛽𝑁−1
𝑀 𝑀𝑁 + 𝛽𝑁−1
𝜀 𝜀𝑁−1) 
= 𝜃𝑁 − 𝜃𝑁−1 + 𝛽𝑁
𝑀𝑀𝑁+1 + 𝛽𝑁
𝑚𝑚𝑁+1 + 𝛽𝑁
𝜀 𝜀𝑁 − 𝛽𝑁−1




𝑚𝑚𝑁+1 + (1 − 𝛽𝑁−1
𝑀 )𝑀𝑁 + 𝛽𝑁
𝜀 𝜀𝑁 − 𝛽𝑁−1
𝜀 𝜀𝑁−1 
(A.3.2) 
(A.3.3) – (A.3.5) calculate the return during the entire spot trading session. 
𝑃𝑁+𝑇 = 𝜃𝑁+𝑇 + 𝛽𝑁+𝑇
𝑀 𝑀𝑁+𝑇+1 + 𝛽𝑁+𝑇
𝑚 𝑚𝑁+𝑇+1 + 𝛽𝑁+𝑇
𝜀 𝜀𝑁+𝑇 (A.3.3) 
𝑃𝑁+1 = 𝜃𝑁+1 + 𝛽𝑁+1
𝑀 𝑀𝑁+2 + 𝛽𝑁+1
𝑚 𝑚𝑁+2 + 𝛽𝑁+1
𝜀 𝜀𝑁+1 (A.3.4) 
𝜃𝑁+𝑇 − 𝜃𝑁+1 = (∑ 𝑀𝑙′
𝑁+𝑇
𝑙′=𝑁+2





A.4 Return Covariance 
This section provides the calculation for Table 1 in Chapter 3. The results are state-
dependent because the price functions behave differently across time. For conciseness, the below 
calculation first assumes that multiple lengths of information delay coexist. The final results only 
show a specific length in Table 1. First, when 1 ≤ 𝑡 ≤ 𝑁 − 2, the information set implies that 




𝜃𝑡 − 𝜃𝑡−1 = 𝑀𝑡. (A.4.2) 
Equation (A.4.3) and (A.4.4) calculate the returns between the adjacent periods. 
𝑅𝑡+1 = 𝑃𝑡+1 − 𝑃𝑡 = 𝜃𝑡+1 + 𝛽𝑡+1
𝑀 𝑀𝑡+2 + 𝛽𝑡+1




𝑀 𝑀𝑡+2 + (1 − 𝛽𝑡
𝑀)𝑀𝑡+1 + 𝛽𝑡+1
𝜀 𝜀𝑡+1 − 𝛽𝑡
𝜀𝜀𝑡 
(A.4.3) 
𝑅𝑡 = 𝑃𝑡 − 𝑃𝑡−1 = 𝜃𝑡 + 𝛽𝑡
𝑀𝑀𝑡+1 + 𝛽𝑡
𝜀𝜀𝑡 − (𝜃𝑡−1 + 𝛽𝑡−1
𝑀 𝑀𝑡 + 𝛽𝑡−1
𝜀 𝜀𝑡−1)
= 𝛽𝑡
𝑀𝑀𝑡+1 + (1 − 𝛽𝑡−1




Equation (A.4.5) computes the return covariance. 





2  (A.4.5) 
For 𝑡 = 𝑁 − 1, the information set implies the same results as in (A.4.1) and (A.4.2). 
Equation (A.4.6) calculates 𝑅𝑡+1 while 𝑅𝑡 is the same as in (A.4.4). Equation (A.4.7) computes 
the return covariance. 
𝑅𝑡+1 = 𝑃𝑡+1 − 𝑃𝑡
= 𝜃𝑡+1 + 𝛽𝑡+1
𝑀 𝑀𝑡+2 + 𝛽𝑡+1
𝑚 𝑚𝑡+2 + 𝛽𝑡+1
𝜀 𝜀𝑡+1




𝑀 𝑀𝑡+2 + 𝛽𝑡+1
𝑚 𝑚𝑡+2 + (1 − 𝛽𝑡
𝑀)𝑀𝑡+1 + 𝛽𝑡+1
𝜀 𝜀𝑡+1 − 𝛽𝑡
𝜀𝜀𝑡 
(A.4.6) 
𝐶𝑜𝑣(𝑅𝑡+1, 𝑅𝑡) = (1 − 𝛽𝑡
𝑀)𝛽𝑡
𝑀𝜎𝑀𝑡+1
2 + (1 − 𝛽𝑡−1
𝑀 )𝛽𝑡+1
𝑚 𝜅𝑡,2 + 𝛽𝑡
𝑀𝛽𝑡+1
𝑚 𝜅𝑡+1,1 − 𝛽𝑡
𝜀2𝜎𝜀𝑡
2  (A.4.7) 
For 𝑡 = 𝑁, firm information becomes effective at 𝑁 + 1, as shown in (A.4.8) to (A.4.11). 
The return covariance is calculated in (A.4.14). The calculation for 𝑁 + 1 ≤ 𝑡 ≤ 𝑁 + 𝑇 − 1 is 
listed in (A.4.12) and (A.4.13). The return covariance is the same for both cases. 
𝜃𝑡+1 − 𝜃𝑡 = 𝑀𝑡+1 + 𝑚𝑡+1 (A.4.8) 
𝜃𝑡 − 𝜃𝑡−1 = 𝑀𝑡 (A.4.9) 
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𝑅𝑡+1 = 𝑃𝑡+1 − 𝑃𝑡
= 𝜃𝑡+1 + 𝛽𝑡+1
𝑀 𝑀𝑡+2 + 𝛽𝑡+1
𝑚 𝑚𝑡+2 + 𝛽𝑡+1
𝜀 𝜀𝑡+1





𝑀 𝑀𝑡+2 + (1 − 𝛽𝑡
𝑀)𝑀𝑡+1 + 𝛽𝑡+1
𝑚 𝑚𝑡+2 + (1 − 𝛽𝑡
𝑚)𝑚𝑡+1
+ 𝛽𝑡+1
𝜀 𝜀𝑡+1 − 𝛽𝑡
𝜀𝜀𝑡 
(A.4.10) 
𝑅𝑡 = 𝑃𝑡 − 𝑃𝑡−1




− (𝜃𝑡−1 + 𝛽𝑡−1
𝑀 𝑀𝑡 + 𝛽𝑡−1
𝑚 𝑚𝑡 + 𝛽𝑡−1
𝜀 𝜀𝑡−1)
= 𝛽𝑡
𝑀𝑀𝑡+1 + (1 − 𝛽𝑡−1
𝑀 )𝑀𝑡 + 𝛽𝑡
𝑚𝑚𝑡+1 − 𝛽𝑡−1





𝜃𝑡 − 𝜃𝑡−1 = 𝑀𝑡 + 𝑚𝑡 (A.4.12) 
𝑅𝑡 = 𝑃𝑡 − 𝑃𝑡−1




− (𝜃𝑡−1 + 𝛽𝑡−1
𝑀 𝑀𝑡 + 𝛽𝑡−1
𝑚 𝑚𝑡 + 𝛽𝑡−1
𝜀 𝜀𝑡−1)
= 𝛽𝑡
𝑀𝑀𝑡+1 + (1 − 𝛽𝑡−1
𝑀 )𝑀𝑡 + 𝛽𝑡
𝑚𝑚𝑡+1 + (1 − 𝛽𝑡−1





𝐶𝑜𝑣(𝑅𝑡+1, 𝑅𝑡) = (1 − 𝛽𝑡
𝑀)𝛽𝑡
𝑀𝜎𝑀𝑡+1




+ (1 − 𝛽𝑡−1
𝑀 )(1 − 𝛽𝑡
𝑚)𝜅𝑡,1 + (1 − 𝛽𝑡−1
𝑀 )𝛽𝑡+1











APPENDIX B. SUPPLEMENTARY CONTENTS FOR CHAPTER 4 
B.1 ACF for VAR Residuals 
Figures B1 and B2 are the Auto Correlation Function plots for the VAR estimation 
residuals from pre-market 180-minute to 15-minute. 
 




Figure B2. ACF Plots of VAR Residuals (Pre-market 90-minute to 15-minute) 
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B.2 Granger Causality Test for Table 8 
Table B1 reports the Granger Causality Test results for the pre-market futures to intraday 
spot return spillover. P-values are reported in the parentheses. 
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APPENDIX C. SUPPLEMENTARY CONTENTS FOR CHAPTER 5 
C.1 Strategy Performance 
Figures C1 to C7 plot the cumulative returns for the 15-minute, 90-minute, and 180-minute 
signal strategies from 2011 to 2017. In case of a strategy experiencing an extreme initial loss, 
this initial loss is excluded from drawdown calculation. 
 















Figure C2. Cumulative Return of Signal Strategy in 2012 
 




















Figure C4. Cumulative Return of Signal Strategy in 2014 
 




























Figure C6. Cumulative Return of Signal Strategy in 2016 
 
Figure C7. Cumulative Return of Signal Strategy in 2017 
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